Abstract-Functional neuroimaging studies have found that emotion network in patients with some psychiatric and neurological diseases was abnormal. However, human emotion network is extremely complex and understanding of it still remains unclear. So, it's difficult to regulate and remodel emotion network directly. Here, we first estimated the critical connectivity from whole brain functional connectivity, whose seed regions were the structurally and functionally distinct nuclei of amygdala, the basolateral amygdala (BLA) and centromedial amygdala (CMA). And then the critical connectivity was extracted from whole brain functional connectivity using a machine learning method. The experimental results showed that the connectivity between left amygdala and various regions of the prefrontal gyrus, especially right medial superior frontal gyrus, performed better in the classification. Moreover, real time fMRI neurofeedback training also demonstrated that the critical connectivity provided a great contribution for emotion regulation. These findings may be useful support for the connectivity-based emotion regulation training and possibly applied to supplementary treatment of emotion illness.
INTRODUCTION
Emotional illness has become one of the top threats to urban mental health, and has affected seriously human work and life, even induced disharmony of society. The typical emotional illness includes major depressive disorder (MDD), social anxiety disorder (SAD), autism spectrum disorder (ASD) and so on [1] [2] [3] . For diagnoses of emotional illness, doctors make out a medical certificate according to the Diagnostic and Statistical Manual of Mental Disorders IV (DSM-IV) [4] after asking for the patient's clinical signs and symptoms. So, it's significant to explore a valid and objective biomarker to distinguish, even treat patients with emotional illness.
In recent years, neuroimaging technologies have a speedy development, of which functional magnetic resonance imaging (fMRI) has attracted special attentionhave different responsibilities in the neural mechanism [16, 17] . In the present study, our goal was to determine whether a data-driven technique could help to discriminate the critical emotional functional connectivity from whole brain functional connectivity, whose seed regions were BLA and CMA. Specially, temporal connectivity patterns were extracted from positive-negative emotional pictures data and used as classification features. Then, due to the sensitivity to subtle and spatially distributed differences in the brain [18] , a linear support vector machine (SVM) algorithm was employed to combine the selected features for the critical connectivity diagnosis. Finally, an emotion regulation NF training was used to verify the validity of classification results. Therefore, we hypothesized that the critical connectivity could be used as a biomarker for emotion recognition and regulation.
II. MATERIALS AND METHODS

A. Positive and Negative Emotional Pictures Experiment
• Participants Twelve healthy volunteers (aged 22-24 years) were recruited from university. All participants had no history of neurological or psychiatric diseases and twenty-twenty vision, and were right-handed. The research protocol was approved by the ethics committee of People's Hospital of Henan Province and conducted at People's Hospital of Henan Province. All subjects gave written informed consent to participate in the study and received financial compensation.
• Experimental Paradigm The stimuli consisted of positive and negative pictures that were taken from the International Affective Picture Set (IAPS). 60 images (mean and standard deviation for normative valence 7.67±0.28) were used for two positive runs. In the same way, 60 images (mean and standard deviation for normative valence 2.27±0.32) were used for two negative runs. There was significant valence difference between positive and negative image sets (p≈0.00). All images were displayed using the Psychopy (http://www.psychopy.org/). Participants took part in 4 runs consisting of 2 positive runs and 2 negative runs. As shown in Fig. 1 , every run started with a pre-scanning of 20s in favour of magnetization equilibrium. Then, participants performed 10 blocks, which included both baseline and task conditions. On the baseline condition, participants were asked to fixate at the cross on the display, and think of nothing in particular. On the task condition, images of positive or negative sets were presented centrally for 4s each, and participants tried their best to imagine experiencing the depicted situation.
B. Emotion Regulation Neurofeedback Training Using rtfMRI
• Participants There are 23 healthy college students (aged 22-26 years) in this experiment. All participants were right-handed and twenty-twenty vision, especially without history of neurological or psychiatric diseases. We randomly assigned subjects to an experiment group (7 males and 5 females) and a control group (8 males and 3 females). Informed consent was obtained from all participants prior to the testing, and they received financial compensation for participating in the experiment. The study was approved by the ethics committee of Henan Provincial People's Hospital.
• Experimental Paradigm At one day prior to scanning, all subjects were required to complete a series of questionnaires, in order to assess the ability of individuals to experience emotions. Then, the selected subjects were told detailed instructions about the research purpose and the experimental paradigm, even underwent a training run outside the scanner. Moreover, these participants were asked to recollect several happy and sad impressive memory fragments and write down. Participants underwent four stages in the experiment (see Fig. 2 ). The first stage and the last stage measured participants' resting state activity, and continued six and a third minutes. In the two stages, participants were required to fixate at "+" on the display, and not to think of anything in particular. The second stage was acquired data of participants in the location run. Each participant was instructed to recall different types of emotional fragments, which were prepared at one day prior to the experiment. As for locational data, the individual feature selection mask was generated offline. After that, the most crucial part of the experiment, the third stage, was NF training. During feedback periods, participants got real-time feedback signal to understand their current emotion state, and more effectively self-regulated in the next volume.
C. Data Acquisition
During both experiments, all images were obtained using a GE Discovery MR750 (3 Tesla) scanner which was fitted with a standard 8-channel birdcage head coil at the Imaging Center of Henan Provincial People's Hospital. Foam pads were used to minimize head movements and scanner noise. BOLD signals were measured using a standard GRE-T2* EPI sequence (volume repetition time (TR) = 2000 ms, echo Research, volume 3 time (TE) = 30 ms, flip angle (FA) = 80°). The entire brain was covered in 33 axial slices (3.5-mm thickness), matrix size was 64 × 64, and field of view was 220 mm.
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D. Data Preprocessing and The Whole Brain Functional
Connectivity For all images of the first experiment and the restingstate images of the second experiment, their preprocessing was performed with SPM8 (http://www.fil.ion.ucl.ac.uk/ spm). Briefly, the first step was to discard the 10 initial scans of all experiment runs, because of magnetic equilibration effects and participants adapting to the scanning noise [19] . Second, the remaining images were corrected for the acquisition time delay between slices. Then, EPI volumes were spatially realigned to correct for movement artifacts, and these volumes with a displacement of more than 3 mm or an angular rotation of greater than 3° in any direction were abandoned. Moreover, the realigned volumes were spatially normalized to the Montreal Neurological Institute (MNI) standard space by linearly registering, and smoothed using a 6 mm FWHM Gaussian spatial kernel.
Regions of interest (ROIs) were the bilateral BLA and CMA. These ROIs were created with cytoarchitectonically defined probabilistic maps of the amygdala by SPM's Anatomy Toolbox [20] , as instantiated in FSL's Juelich Brain Atlas [21] . Voxels were included in the maximum probability maps with a probability more than 50%, and then assigned to the BLA and CMA in left and right hemispheres. In order to extract time series from the preprocessed fMRI data, the four ROIs were resampled to 3×3×3 mm 3 standard space. For the preprocessed data, a representative time series was obtained by averaging the fMRI time series of all voxels in the ROI. Then, functional connectivity of the whole brain was evaluated using Pearson's correlation coefficients between the representative time series and the time courses of all voxels. The Fisher's Z-transformation was performed to improve the normality.
For group statistical analyses, a two-sample t-test was employed to assess the whole-brain functional connectivity differences of four ROIs between during positive-picture condition and negative-picture condition. Furthermore, a paired t-test was conducted to compare the resting-state functional connectivity differences before and after the neurofeedback training.
E. Functional Connectivity Analysis Using Machine
Learning Feature selection is useful and important to remove garbage and improve classification performance. In this study, features come from the intersection of two-sample ttest result of the whole-brain functional connectivity in the positive and negative pictures experiment and some ROIs of limbic system on the basis of AAL atlas. ROIs of limbic system mainly contain hippocampus (HC), parahippocampal cortex (PHC), olfactory cortex, anterior cingutate (ACC), orbitofrontal cortex, medial frontal gyrus, temporal pole, thalamus (TH) and insula. These ROIs were defined with the software WFU_PickAtlas (http://www.ansir.wfubmc.edu) and also resampled to 3×3×3 mm 3 standard space. Therefore, features are functional connectivity coefficients in the intersection. Support vector machine (SVM) which works well when the number of samples is small was adopted here for classification. Here, the binary label with 1 for positivepicture condition and -1 for negative-picture condition was used. A linear kernel SVM could reduce the risk of overfitting the data and be implemented using the LIBSVM toolbox [22] with a default value for parameter. Due to the limited number of samples, cross-validation strategy was employed to evaluate the performance of the classifier. In our study, data of 10 participants were used to train SVM model, and data of the remaining 2 participants were used as the test set. The procedure was repeated until all combinations of two participants have been left out for test. The final accuracy depended on the results of crossvalidation. To directly examine differentiation of functional connectivity with the amygdala subregions, we computed the two-sample t-test result of positive-negative stimuli (see Fig.  3 ). The positive-negative stimuli had different influence on functional connectivity patterns for amygdala-limbic system. Significant differences were summarized as follows (t = 2.01, p < 0.05).
III. RESULTS
A. Functional Connectivity of The Amygdala
BLA: The left BLA seed showed significant correlation differences with a number of regions, including bilateral anterior cingulate, left inferior orbitofrontal gyrus, bilateral medial orbitofrontal gyrus, bilateral medial superior frontal gyrus, bilateral superior frontal gyrus, left insula, bilateral olfactory cortex, left parahippocampus, bilateral thalamus, left superior and middle temporal pole. The right BLA seed showed connectivity differences with right middle and inferior temporal gyrus, left middle frontal gyrus, bilateral inferior operculum frontal gyrus, left middlt cingulate and bilateral supramarginal.
CMA: The left CMA seed showed significant correlation differences with a number of regions, including bilateral anterior cingulate, left inferior orbitofrontal gyrus, right medial orbitofrontal gyrus, bilateral medial superior frontal gyrus, bilateral superior orbitofrontal gyrus, bilateral olfactory cortex, and bilateral middle and inferior temporal gyrus. The right CMA seed showed connectivity differences with right inferior orbitofrontal gyrus, left olfactory cortex, left middle temporal pole, right middle cingulate, right middle temporal gyrus and bilateral inferior temporal gyrus.
Using four subregions of amygdala as seeds, we explored the critical connectivity for emotion recognition and regulation from task data. In MacLean's 'limbic' model of emotion, the amygdala, orbitofrontal cortex, temporal pole, insula, and other nucleus were newly increased based on the Papez circuit [23] . Functional neuroimaging studies have consistently shown that the connectivity between various regions of the prefrontal gyrus, such as medial prefrontal gyrus, and the amygdala plays an important role in processing and regulation of emotion [24] .
B. Performance of Functional Connectivity for Emotion
Classification Compared the bilateral masks for extracting features, the number of left masks was much larger than the right. That's likely to associate with the lateralization of amygdala. From wide view of SVM performance, these features from masks that included left BLA-left inferior orbitofrontal gyrus, left BLA-right medial superior frontal gyrus, left BLA-bilateral superior orbitofrontal gyrus, left BLA-left olfactory cortex, left BLA-left middle temporal pole, left BLA-left superior temporal pole, left CMA-right anterior cingulate, left CMAright medial orbitofrontal gyrus, left CMA-right medial superior frontal gyrus and left CMA-left olfactory cortex, worked better, as shown in Table I . In general, the best classification accuracy achieved by connectivity between left CMA and right medial superior frontal gyrus was 72.16%.
The results demonstrated that the critical connectivity for emotion recognition and regulation can be discriminated from whole brain functional connectivity using SVM, in agreement with our hypothesis. In recent years, machine learning methods have been used to discriminate brain disease patients from the healthy and have made progress [7] [8] [9] [25] [26] [27] . Most importantly, these approaches have the advantage of taking into account the relationship among features and good potential to focus on subtle differences at group level. When to select features, masks created based on group comparison, which allows inferences at the individual level. Therefore, our analysis framework has considered both individual and group level differences in the brain. In terms of classification performance, functional connectivity of left amygdala with medial frontal gyrus, orbitofrontal gyrus and olfactory cortex mostly performed well. Results of group resting-state functional connectivity differences analysis were shown in Fig. 4 . After emotion regulation training, participants showed increase in left BLA resting-state functional connectivity with bilateral anterior cingulate cortex, bilateral medial frontal gyrus, bilateral superior frontal gyrus, right dorsomedial prefrontal cortex, left parahippocampal, right middle and superior temporal gyrus and so on. In terms of left CMA resting-state functional connectivity, participants showed increase with bilateral middle frontal gyrus, right superior frontal gyrus, bilateral middle orbitofrontal gyrus, left inferior orbitofrontal gyrus, right medial superior frontal gyrus, right hippocampus, right parahippocampal and other limbic system regions.
Through the contrast between before and after emotion regulation training, we found enhanced resting-state functional connectivity between left amygdala and the prefrontal gyrus. It was reported that function of the prefrontal gyrus would be abnormal when patients with SAD, social phobia, or MDD carried out cognitiveemotional tasks [28] [29] [30] . Meanwhile, SAD patients' functional connectivity between the left amygdala and the medial orbitofrontal gyrus had obviously reduced. According to clinical studies, it indicated that OXT could enhance functional connectivity between amygdala and frontal gyrus in patients suffering from generalized SAD [31] . In addition, it was also found that the functional connectivity between amygdala and the prefrontal gyrus enhanced after patients received anti-depressant treatment [32] . In a word, resting-state functional connectivity analysis results derived from emotion regulation training data not only show the effectiveness of rt-fMRI emotion regulation, but also demonstrate reasonability of the critical connectivity we found for emotion recognition and regulation.
IV. CONCLUSIONS Most neurological disorders are associated with changes in connectivity between brain areas. However, emotion regulation based on rt-fMRI so far has been limited by complexity of brain network. The present study extracted the core connectivity from whole emotion network using SVM, and verified its effectiveness by emotion regulation training data. The identified functional connectivity provided insight into the neural mechanisms of human emotion. Moreover, it might give a reference for the connectivity-based NF emotion regulation training, which would lead toward clinical applications in treatment of neurological and psychiatric disorders.
